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Abstract 

In Islamic Finance (IF hereafter), the safety-first rule of investing (hifdh almal) is held to be 

of utmost importance. According to the honesty principle (amanah), the Islamic portfolio 

manager (mudharib) is committed to do his best to fulfill this investing rule. This involves the 

use of the most appropriate management tools. The use of the normal assumption in the 

financial modeling is growing criticized. This also applies to Islamic Finance which assets' 

show empirical evidence such as asymmetry, heavy-tail and volatility clustering. For these 

reasons, we suggest the use of the stable and tempered stable distributions and the Student's t 

related copulas for portfolio modeling. The optimal portfolios are then selected and their 

performances are measured employing the STARR and Rachev ratios. We demonstrate, in 

this paper, that the simulated data based on stable and tempered stable distributions and 

related Student's t copula methods significantly improve the performance of IF portfolios, 

which even outperform non-Islamic ones, especially in stressed financial periods. 

1. Introduction 

The Islamic finance market is thriving, due to the growing Muslim population 

estimated to be 1.6 billion and the increasing investors' demand on Sharia compliant 

products (GIFR-2010). Sharia refers to the Islamic jurisprudence, which forbids 

business transactions based on the following: Interest, uncertainty, gambling, short 

sales and Sharia prohibited products and industries such as tobacco, alcohol and 

armaments industry. The IF' guidelines are formulated by the Sharia scholars in form 

of sector screens and Sharia screens. 

The Islamic portfolio manager (mudharib), is committed to do his best according to 

honesty principle (amanah). This involves the use of the appropriate tools to manage 

portfolios: A delicate task, due to the different restrictions applied in IF namely the 

prohibition of speculation and short selling. Once an IF screen is violated, the asset is 
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considered non-Sharia compliant. The narrowness of the Islamic assets' universe is a 

further complication. New Sharia compliant stocks are not easily reliable and the 

gains of changing to conventional stocks are declared as losses: The dividends are, 

then versed to charity according to the purification (tathir Shari) rule. 

To determine a companie's eligibility for Sharia compliant investment, its stocks are 

screened to ensure that each stock meets the Sharia standards. Companies with 

activities associated with alcohol, tobacco, weapons, pork-related products, 

conventional financial services such as banks, insurance companies, brokerage and 

investment of funds as well as entertainment companies (casinos, gambling halls and 

hotels) are excluded. This also applies to businesses, which returns, ownership or 

financial resources belong to companies in the categories listed above. In order to 

exclude residual conflicts, two filters are applied to the financial statements of the 

remaining businesses: (1) The interest income divided by the total income must be 

less than 5%. (2) The total debt divided by the total assets must be less than 33% 

divided by trailing 12-month average market capitalization. The used screens are 

compliant to the most common Sharia screening guidelines (Derigs and Marzban, 

2008). In this paper, we introduce the short sell ban Sharia guideline as a further 

restriction for the portfolio selection. 

In this paper, we analyze the components of the Dow Jones composite index (DJA) 

including the Dow Jones industrial average (DJI), the Dow Jones transportation 

average (DJT) and the Dow Jones utility average (DJU) indexes. The DJA 

components gain the interest of this study thanks to the nature of their activities in the 

industrial, transport and utility fields. The DJA stocks are also attractive as these are 

exempt from additional Sharia compliance issues, such as hosting of music or 

pornography -as it is the case for internet companies- or alcohol trade under some 

clothes manufacturing deposit marks. Furthermore, the DJA companies are also 

concerned with issuing Islamic financial products such as Salam or Istisna' Sukuks. 

As initial data in this paper we analyze the log returns of the DJA components, 

covering the period from 04/15/2002 to 04/25/2007 for a total of 1267 daily 

observations. We choose the period till 04/25/2007 to test the ability of the model to 

persist under the 2008 crisis. Based on the Sharia screening, only 38 stocks are 

qualified as Sharia compliant.  

All Islamic stocks are modeled expect two: the Alex airlines company stock, first 

included on 04/26/2007 with 1.27% of the DJT index weight, and the DAL airlines 

company, included only on 10/02/2008, with 4.54% of the DJT index weight. Both 

are not part of the DJA components during the modeling period. The companies 

previous to these two are excluded according to the survivorship bias. Among the 

non-Islamic stocks, only the UAL stock started 06/14/2001 with 2.91% of the DJT 
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index weight is not considered. The previous are also excluded according to the 

survivorship bias. Despite neglecting two weighting Sharia compliant stocks, the 

Islamic portfolios have shown better results.  

The empirical evidence of the analyzed Islamic stocks exhibits asymmetry, heavy-tail 

and volatility clustering (Mandelbrot, 1963), therefore, we employ the stable 

distributions as an alternative to the normal distribution to model the Islamic stocks 

(Rachev and Mittnik. 2000). We also use flexible dependence structures beyond the 

simple linear correlation to account for (1) the asymmetry of dependence and (2) the 

dependence of the tail events (Rachev et al. 2005).  

Based on the empirical evidence, we propose the following model: We first apply the 

principal component analysis (PCA) to the portfolio components. The identified 

principal components explain the majority of the portfolio variance. The dimension 

of the dependence structure is reduced (Pearson. 1901, Hotteling. 1933, Jolliffe. 

2002). Then, we model the PCA factors and residuals with the ARMA-GARCH 

model, the standard central tempered stable (stdCTS-ARMA-GARCH) and the -

stable distributed innovations ( -stable ARMA-GARCH) (Kim et al. 2008, 2009, 

2010a, b). Finally, the dependencies are modeled with the symmetric and asymmetric 

Student's t copulas valued at the marginal innovations (Demarta and McNeil. 2005).  

In this paper, the portfolio optimization is performed using the mean-variance (MV) 

(Markowitz, 1952), the Sharpe ratio (SR) (Stoyanov et al. 2006), the AVaR (Rachev 

et al. 2006) and the STARR ratio optimization (Martin et al. 2003). For the portfolio 

performance measurement, we use the Sharpe ratio (Sharpe, 1966), the STARR ratio 

and the Rachev ratio (Biglova et al. 2004). 

The remainder of this paper is organized as follows: In section 2 we describe a 

methodology to build the portfolio asset returns' scenarios. In section 3, we discuss 

the portfolio selection and present the portfolio results. Finally, our conclusions are 

summarized in section 4. 

 

2. Scenarios' generation algorithm 

The employment of the ARMA-GARCH model for the analyzed stocks is confirmed 

by the simple Ljung-Box Q-statistic test (Box et al. 1994, Engle. R. F. 1986, 

Bolleslev. T. 1986). The null hypothesis of normality is rejected for more than 70% 

of the stocks applying the Kolmogorov-Smirnov test and for all stocks by the Jarque 

Bera test, applied to the ARMA-GARCH filtered residuals. The innovations are, 

therefore, approximated with the �-stable distribution, which leads to significantly 

better results: The stability parameter � is less than 2 and the kurtosis is much higher 

than 3. The skewness parameter γ and the stable parameter � are always different 
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from zero. The approximation of the  innovations via stdCTS distribution leads to 

better results than with -stable: The stdCTS distribution assumption is not rejected 

for all stocks (Rachev et al. 2007).  

We present next, the algorithm proposed to generate the future returns using the �-

stable and tempered stable distributions with Student's t and skewed Student's t 

copulas (Rachev et al. 2005, Biglova et al. 2008, Cherubini et al. 2004).  

The log-returns are given by: 

 

 

Where: ;   and : the mean of returns. The PCA, applied to the 

variance-covariance matrix, allows the modeling of factors and residuals separately. 

The correlated return time series are then given in form of a linear combination of 

uncorrelated factor time series: 

 

 

Where: ;  and  is the uncorrelated i.i.d. random variable. The 

PCA factors are first modeled by ARMA(1,1)-GARCH(1,1). Then, the empirical 

standardized innovations  are approximated by the α-stable or the standard 

central tempered stable distribution (Ortobelli et al. 2008 and Kim et al. 2011).  

In the next step, we transform the normalized residuals to , where 

 and  or  are the 

cumulative density functions for the -stable and the standard central tempered stable 

distribution respectively. Afterwards, N scenarios for each of the standardized 

innovation series are simulated. The sample distribution function of the marginal  

distribution is used to transform the N simulations in uniform ones.  

In order to account for the asymmetry of dependence and the dependence of the tail 

events phenomena, we use the symmetric and asymmetric Student's t copulas to fit 

the empirical standardized innovations. We estimate both used copula parameters 

(Mashal and Zeevi. 2002, Breymann et al. 2003, Abramowitz and Stegun. 1965). 
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The d-dimensional vector of the empirical standardized innovations   

 is then approximated with a symmetric or an asymmetric 

Student’s t distributed d-dimensional vector  (Johnson and Kotz. 

1972, Kotz et al. 2000). At this stage,  Student's  distributed and skewed Student's t 

distributed scenarios of the vector of the standardized innovations are generated. 

After that, we generate N scenarios of the uniform random distributed vector, whose 

cumulative distribution functions are the symmetric or the asymmetric Student's t 

copula.  

Once the -stable and the stdCTS distributed marginal functions of the standardized 

innovations are calculated and the uniform random vector scenarios determined, N 

scenarios of the dependent normalized innovation vector are generated. As a result, N 

scenarios of innovations vector can be generated and the N scenarios of 

factors at  are produced. In order to estimate the future returns valued at 

time , we generate N scenarios for the residuals of the factor model given by: 

 

 

 

The residuals of the factor model are also approximated with -stable and stdCTS 

ARMA(1,1)-GARCH(1,1) models. N scenarios for the residuals are generated.  

Finally, the  scenarios of returns are obtained by: 

 

 

Where:  

 

3 The portfolio selection 

Next, we introduce the methods employed for the portfolio optimization and the used 

portfolio performance measures.  
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3.1 The portfolios optimization 

We put forward the selection tools used to form the portfolios with the maximum 

trade-off between risk and expected return. We enumerate below the different 

portfolio optimization methods used in this paper: 

3.1.1 Mean-variance optimization 

The mean-variance (MV) framework is the first reward-risk model. With the expected 

portfolio return as a reward measure and the variance as a risk measure, the 

optimization problem is given by:  

 

 

 

Where, ;  and for and with  is the lower 

bound of  the expected variance formulated as the objective function given by: 

 

 

3.1.2 Sharpe ratio optimization 

The portfolios are compared in terms of their expected return for a unit of risk. Using 

the Sharpe ratio, we choose the portfolio with the highest ratio as it provides the 

highest expected return per unit of risk (Sharpe. 1994). The Sharpe ratio optimization 

problem is given by: 

 

 

 

 

And: . 

 

3.1.3 Mean risk optimization 

Variance is not a risk measure, but a dispersion measure. Consequently, we suggest 

as an alternative, the mean-risk optimization problem: 
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Where:  and R
*
 is the upper bound on the portfolio risk. ρ(rp) 

can be VaR or CVaR or any other risk measure where the proposed reward measure 

is still the expected return. 

a) CVaR optimization 

The portfolio VaR optimization is a problem with chance constraints, which is 

difficult to optimize for non-normal distributions (Artzner et al. 1999). As an 

alternative, we use the coherent risk measure AVaR, also known  as CVaR or ETL 

(Pflug. 2000). The AVaR is sub-additive and accounts for risks beyond the VaR. It is 

also easy to optimize for non-normal distributions (Rockafellar and Uryasev. 2002). 

The AVaR optimization problem is described by a minimization formula, where the 

mathematical expectation is replaced by the sample average: 

 

 

 

,  

 

With  is a vector of auxiliary variables,   is a 

vector of ones, and   is an additional variable yielding the VaR quantile at tail 

probability  

b) STARR optimization 

The Stable Tail-Adjusted Return Ratio (STARR) is a ratio using the risk measure 

AVAR. Following the approach described by Rockafellar and Uryasev (2000), the 

STARR optimization problem can be solved by (Rachev et al. 2008): 
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                 .  

 

3.2 The portfolio performance measurement 

We measure the performance of the optimized portfolios using the (1) performance 

ratios and (2) the sample path of the realized final wealth. 

3.2.1 The performance ratios 

 In order to compare the portfolios performances, we use three performance ratios: 

The standard Sharpe ratio (SR) and two alternatives, the STARR ratio and the 

Rachev ratio. The SR is a reward-to-variability (RV) ratio, which calculates the adjust 

return for a unit of risk. It is given by: 

 

With, rp is the portfolio return and rb is the benchmark return. 

 

The standard deviation penalizes both the upside and the downside potential of the 

portfolio return. It is also non-coherent and has an infinite value for stable 

distributions. Alternatives to the RV ratios are the reward to risk ratios, with the 

expected active portfolio return as the reward functional and ρ(x) as a coherent risk 

measure: 

 

The STARR ratio has the AVaR as risk measure. It is generalized by the Rachev 

ratio, which is defined as the ratio between the AVaR of the opposite of the excess 

return at a given confidence level and the AVaR of the excess return at another 

confidence level. The Rachev ratio permits to value the investor's performance 

correctly, due to the flexibility of the reward measure. It is given by:  

 

 

With,  the tail probability defining the quantile level of the reward measure and  the 

tail probability of AVaR. 
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3.2.2 An empirical comparison among the different portfolio strategies 

For comparison purposes, the same procedure described above is repeated using an 

ARMA-GARCH model with normal innovations and the variance-covariance matrix 

as dependence structure. Both Islamic and non-Islamic stocks are considered for 

comparison. The returns for each future date are obtained as the mean of the N 

generated scenarios. 

 

The same is applied to the model factors and residuals:  

 

 

 

 
 

For, . When the  future scenarios are generated, we assume that 

investors purchase the market portfolio with diverse reward-risk perceptions.  

In order to determine the weights of the optimal portfolio, we consider the sample 

path of the final wealth obtained from the different portfolio strategies. The initial 

wealth W0 is settled equal to 1 and the portfolio is calibrated every 3 months, 

according to the advices of Sharia board (3-6 months to avoid gambling). For the 

period from 04/26/2007 to 05/06/2011, the portfolio is calibrated 16 times in 1008 

days. The determined optimal portfolio 
 
weights are the new starting point for the 

next  calibration. The ex-post final  wealth is given by: 

 

 

With: such that  refers to the weights vector of the market portfolio and  

 
to the portfolio calibration realized each 3 months. The realized wealth paths are 

represented in figures 1 to 8, which show that the Islamic portfolios are obviously 

better performing than the non-Islamic ones. Moreover,  the methods based on the 

simulated data outperform the historical data based methods. The non-normal 

methods superiority is recognizable. The higher final wealth is registered for the 
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STARR ratio optimization of the stdCTS distribution with Student’s t copula 

method.In the next paragraph, we want to examine the performance of the 

implemented strategies for each year, using the performance ratios  already 

discussed. 

 

3.3 The portfolios selection results 

 A lower absolute value of a negative result for both STARR and RR’ ratios, 

indicates a higher risk (Serbinenko and Rachev. 2009). The SR leads to an inverse 

ranking by decaying markets with identically negative excess returns, consistent with 

a risk-seeking investor (Israelsen. 2003, Plantinga. 1999). The ratios' results for each 

year are presented in tables 1 to 12 and discussed below. The benchmark used to 

measure excess return is the Dow Jones Islamic Market Index (DJIMI). 

Here tables from 1 to 12 

The generated data allows different levels of analysis. We propose to analyze the 

collected results of the portfolios' performances for each of the 4 studied financial 

years (see Tables) as follows: (1) First, we consider the performance of Islamic 

portfolios vis-à-vis non-Islamic portfolios. (2) Then, we compare the simulated 

methods -normal and stable- with the historical one under the optimization tools: 

MV, SR, STARR and CVaR99%. (3) Finally, we examine the ranking of optimal 

portfolios by the Sharpe performance ratio and two alternatives: The STARR and the 

Rachev performance ratios.   

First, the comparative performance analysis of conventional and Sharia compliant 

portfolios is carried out, for each year of observation by comparing the results from 

the different methods under each of the optimization tools and performance ratios 

applied. 

Then, we focus on Islamic portfolios and propose to find out the simulated or 

historical data method, which lead to the best ratios under the different optimization 

tools. Aim is, to validate weather considering the empirical evidence of the Islamic 

stocks e.g. asymmetry, heavy-tail and volatility clustering in the suggested 

simulations’ generation processes, enhances the results in comparison with the 

normal assumption based process and the historical data method. Finally, we examine 

if the suggested risk measures help improve the results with respect to the risk 

aversion (hifdh almal) safety rule. 

We optimize the Islamic portfolios and analyze the sample paths of the future wealth, 

especially in critical IF periods. An ex-post analysis enables us to compare the 

portfolios’ returns computed using the different suggested approaches. The used 

performance measures are appropriate for both ex-ante (expected) and ex-post 
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(historical) returns. We apply the Sharpe, STARR and Rachev ratios to the realized 

portfolio returns in order to analyze the relationship between risk and reward. The 

DJIMI index is the benchmark for measuring excess return. 

We consider the results of the Sharpe ratio in tables 1, 2, 3 and 4 for both Islamic and 

non-Islamic portfolios: Islamic portfolios are more efficient within the 1
st
 and 2

nd
 

year, whereas for the 3
rd

 and 4
th 

year, non-Islamic portfolios show better results. We 

can see that the stable stdCTS simulated data methods achieve promising results for 

the Islamic portfolios: For the 1
st
 year, the α-stable skewed Student's t copula and the 

stdCTS skewed Student's t copula models show the best ratios under the MV and 

CVaR 99% optimizations respectively. As to the 2
nd 

year, the best performances are 

achieved by the α-stable Student's t copula model under CVaR99%, as well as the 

stdCTS Student's t copula model under STARR optimization. This holds true equally 

for the 3
rd

 year, where, under the CVaR99%, SR and STARR optimization tools, the 

stdCTS skewed Student's t copula, the stdCTS Student's t copula and the α-stable 

skewed Student's t copula respectively generate the best ratios. The same also applies 

to the 4
th 

year: The α-stable skewed Student's t copula and the α-stable Student's t 

copula model have the best performances under the SR and STARR ratio 

optimization tools. 

As an alternative to the Sharpe ratio, we use the STARR ratio with the risk measure 

AVaR, which replaces the standard deviation in the denominator. In the following, 

we consider the STARR ratio results presented in tables 5, 6, 7 and 8 for both Islamic 

and conventional portfolios: Within the 1
st
 and 2

nd 
year of observation, we can note 

the superiority of Islamic portfolios over non-Islamic ones. The 3
rd 

year, however, 

witness the opposite situation in favor of the non-Islamic portfolios. In the 4
th 

year, 

the Islamic portfolios -evaluated under the four optimization tools- regain the 

primacy over non-Islamic ones showing significantly better results.  

In this section, we propose to focus on the results of the Islamic portfolios: For the 1
st
 

year, we see that the α-stable skewed Student's t copula, the skewed Student's t 

copula and the α-stable Student's t copula model achieve the best performances under 

the MV, CVaR99% and STARR optimization tools respectively.  For the 2
nd

 year, the 

best ratios are obtained through the stdCTS Student's t copula model and the α-stable 

Student's t copula under CVAR99% and STARR optimization respectively. Within 

the 3
rd 

year, the best results are noticed for the stdCTS skewed Student's t copula 

model under CVaR99% optimization, as well as the α-stable skewed Student's t 

copula under both SR and STARR optimizations. The results of the 4
th
 year show the 

superiority of the stdCTS skewed Student’s t copula over the other models under the 

 MV, SR and STARR optimizations. 
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In the following, we examine the Rachev ratio's results in the tables 9, 10, 11 and 12 

for both Islamic and conventional portfolios: During the 1
st 

year, the Islamic 

portfolios outperform the non-Islamic ones. However, the results of the 2
nd 

year are in 

favor of the non-Islamic portfolios except for the mean-variance optimization tool. 

The Islamic portfolios show again better results than the non-Islamic ones for the 

third year. For the fourth year, both performances are comparable. 

We notice that the results of the stable simulated data are, here also advantageous for 

the Islamic portfolios: For the 1
st
 year, the stdCTS skewed Student's t copula under 

the MV optimization, outdoes the remaining models. For the 2
nd 

year, under the MV, 

as well as the SR optimization, the highest ratios correspond to the use of the stdCTS 

skewed Student’s t copula model, while under CVaR99% optimization; the best 

performances are achieved through the α-stable Student's t copula model. The stdCTS 

Student's t copula is superior to the other models under the STARR optimization. As 

to the 3
rd

 year, we see that under the MV, CVaR99% and SR optimization, the α-

stable Student's t copula, the skewed Student's t copula and the α-stable skewed 

Student's t copula are respectively the best performing models. For the 4
th
 year, under 

the MV and CVaR99% optimization, the best ratios are observed for the stdCTS 

Student's t copula and the stdCTS skewed Student's t copula model respectively. The 

α-stable skewed Student's t copula model performs better under the SR and STARR 

optimization tools.  

We come to the conclusion that Islamic portfolios generally outperform Sharia non-

compliant ones. Comparing the results achieved on the base of historical and 

simulated data, we can see that the performance of the optimal portfolios improves 

significantly, when stable simulated data methods are used. Considering the different 

chosen portfolio optimization tools, we can draw the conclusion that the best optimal 

portfolio -given the different employed performance ratios and the realized final 

wealth- is achieved by applying the STARR optimization tool over the data simulated 

with the help of the stdCTS distribution and the skewed Student’s t copula. 

We also notice that the MV optimization generates almost the highest ratios relative 

to the Sharpe, STARR and Rachev ratios. Nevertheless, it achieves smaller final 

wealth for the different historical and simulated data methods than the SR and 

STARR optimization tools. The latter leads to a general amelioration of the results 

achieved utilizing the different historical and simulated methods, especially with the 

use of the stable simulated methods.  

From the collected results in tables 1 to 12, we come to the conclusion that the 

Sharpe, STARR and Rachev ratios rank the portfolios differently. The results, 

considering the Sharpe ratio, vary from those achieved applying the STARR and 
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Rachev ratios. Nevertheless, all three demonstrate that the simulated stable methods 

outperform both simulated normal and historical data methods.    

It is also visible, that the stdCTS simulated data method is slightly superior to the α-

stable simulated data method and that the skewed Student's t copula outperforms the 

Student's t copula. We remark that the best final wealth results are achieved by the 

stable and stdCTS simulated methods with the use of the Student's t copula and the 

skewed Student's t copula. 

Considering the performance ratios as well as the final realized wealth process, we 

notice the positive impact; the use of the suggested methods has on the portfolios' 

performance. Obviously, the use of the suggested stable simulated methods in this 

paper generally enhances the results with regard to the different portfolio 

optimization tools and performance ratios utilized. Furthermore, the suggested 

methods are more appropriate for IF, since they are more harmonious with the Sharia 

perspective of risk awareness by focusing more on the tail risk examination (Al-

Suwailem 2000, 2006). 

4. Conclusions 

In this paper, we provide methodologies to manage Islamic portfolios based on 

empirical evidence regarding the behavior of the Islamic stocks such as : asymmetry, 

heavy-tail and volatility clustering. We also compare the dynamic portfolio strategies 

consistent with the behavior of investors based on realistic simulated scenarios.  

We first suggest a reduction of the dimensionality of the problem using the PCA 

method. Then, we model the returns by means of a factor model on the finite number 

of the principal components extracted from the IF and conventional portfolios. The 

factors (i.e. principal components) and the residuals of the factor model are 

approximated by an ARMA(1,1)-GARCH(1,1) model with the α-stable and the 

standard central tempered stable innovations. Furthermore, we propose a non-

Gaussian copula dependence modeling for the innovations of the factors: The 

Student's t copula and the skewed Student's t copula. This approach enables us to 

generate realistic future scenarios.  

We also present a methodology to compare the proposed dynamic portfolio 

strategies, which are consistent with the behavior of investors. The optimization tools 

used are implemented with respect to the risk aversion, the safety-first investment 

rule (hifdh almal) and the short sale ban.  We optimize the Islamic portfolios and 

analyze the sample paths of the future wealth obtained under application of the 

different performance ratios, especially in critical IF periods.   

Islamic portfolios outperform, on average, Sharia non-compliant ones. The simulated 

data methods have generally shown better results than the historical data. With regard 
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to the simulations, the α-stable and standard central tempered stable methods 

outperform the normal methods. Furthermore, the stdCTS simulated data method is 

superior to the α-stable simulated data method and the skewed Student's t copula has 

shown better results modeling Sharia compliant stocks than the Student's t copula.  

Given the findings presented in this paper, we recommend the use of the non-

Gaussian simulated data based on the α-stable and the standard central tempered 

stable distributions in combination with the non-Gaussian copula dependence: The 

Student's t copula and the skewed Student's t copula. We also suggest the STARR 

and the Rachev performance ratios as superior alternatives to the Sharpe ratio. These 

alternatives are more consistent with the Sharia perspective of risk as they employ the 

coherent risk measure: AVAR. The tools suggested in this paper form a superior 

apparatus for portfolio management in Islamic Finance. 
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Fig. 1. This figure compares the ex-post final wealth for the Islamic portfolios 

obtained via the Mean Variance optimization and using either real data or 

simulated data.  
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Fig. 2. This figure compares the ex-post final wealth for the non-Islamic 

portfolios obtained via the Mean Variance optimization and using either real 

data or simulated data. 

 

Fig. 3. This figure compares the ex-post final wealth for the Islamic portfolios 

obtained maximizing the Sharpe ratio and using either real data or simulated 

data. 
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Fig. 4. This figure compares the ex-post final wealth for the non-Islamic 

portfolios obtained maximizing the modified Sharpe ratio and using either real 

data or simulated data. 

 

 

Fig. 5. This figure compares the ex-post final wealth obtained for the non-

Islamic portfolios minimizing CVaR 99% and using either real data or 

simulated data. 

Fig. 6. This figure compares the ex-post final wealth obtained for the non-
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Islamic portfolios minimizing CVaR 99% and using either real data or 

simulated data. 

 

Fig. 7. This figure compares the ex-post final wealth for the Islamic portfolios 

obtained maximizing the STARR ratio and using either real data or simulated 

data. 
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Fig. 8. This figure compares the ex-post final wealth for the non-Islamic 

portfolios obtained maximizing the STARR ratio and using either real data or 

simulated data. 

 

Table 1: Sharpe Ratios results for the first year of observations of Islamic and non-

Islamic portfolios. 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical -0.1150 -0.313 -0.236 -0.2388 Historical -0.3467 -0.1077 -0.0846 -0.0847 

Normal -0.1598 -0.1766 -0.16 -0.1848 Normal -0.1035 -0.1052 -0.1034 -0.1156 

α-stable T copula   -0.1454 -0.01761 -0.167 -0.1798 α-stable T copula -0.0942 -0.0818 -0.0947 -0.0726 

α-stable skewed Tcopula -0.1610 -0.1909 -0.185 -0.2084 α-stable skewed T copula -0.0831 -0.1006 -0.0958 -0.0831 

stdCTS T copula  -0.1642 -0.1878 -0.172 -0.1756 stdCTS T copula  -0.0897 -0.1013 -0.1012 -0.0715 

stdCTS skewed T copula  -0.1580 -0.1708 -0.166 -0.1784 stdCTS skewed T copula  -0.0863 -0.1032 -0.0803 -0.0653 

 

Table 2: Sharpe Ratios results for the second year of observations of Islamic and 

non-Islamic portfolios. 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical 0.0130 -0.1633 -0.054 -0.0516 Historical -01926 0.05 0.0335 0.0798 

Normal -0.0956 -0.0243 -0.029 -0.0183 Normal 0.0395 0.0548 0.0635 0.0822 

α-stable T copula   -0.0812 -0.0438 -0.003 -0.0183 α-stable T copula 0.0555 0.0088 0.0702 0.0721 

α-stable skewed Tcopula -0.0632 -0.0423 0.0072 -0.0102 α-stable skewed T copula 0.0632 0.0954 0.0697 0.0725 

stdCTS T copula  -0.0673 -0.0446 -0.004 -0.0281 stdCTS T copula  0.0515 0.0469 0.0777 0.1166 

stdCTS skewed T copula  -0.0737 -0.0151 -0.013 -0.0317 stdCTS skewed T copula  0.0668 0.0305 0.0776 0.0587 

                 

Islamic portfolios     Non-Islamic portfolios     

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical 0.0496 0.1879 0.1013 0.2304 historical 0.2078 0.0432 0.095 0.0028 

Normal 0.1713 0.148 0.1745 0.1517 Normal 0.0957 0.0716 0.0606 0.054 

α-stable T copula   0.1435 0.1503 0.14 0.171 α-stable T copula 0.0676 0.0764 0.0925 0.0269 

α-stable skewed Tcopula 0.1747 0.1337 0.1684 0.1641 α-stable skewed Tcopula 0.0991 0.0163 0.105 0.0707 

stdCTS T copula  0.1635 0.1884 0.1403 0.1213 stdCTS T copula  0.0572 0.0651 0.0783 0.0953 

stdCTS skewed T copula  0.1541 0.1903 0.1347 0.1505 stdCTS skewed T copula  0.0811 0.0777 0.051 0.0626 
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Table 3: Sharpe Ratios results for the third year of observations of the Islamic and 

the non-Islamic portfolios. 

 

Table 4: Sharpe Ratios results for the fourth year of observations of the Islamic and 

the non-Islamic portfolios. 

 

Table 5: STARR ratios results for the first year of observations of the Islamic and the 

non-Islamic portfolios. 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical -0.0349 -0.0619 -0.0591 -0.0542 Historical -0.0602 -0.0301 -0.0252 -0.0315 

Normal -0.044 -0.0466 -0.0432 -0.0435 Normal -0.0341 -0.0357 -0.0347 -0.0335 

α-stable T copula   -0.0388 -0.0486 -0.0439 -0.035 α-stable T copula -0.029 -0.0294 -0.0317 -0.0244 

α-stable skewed Tcopula -0.0413 -0.0415 -0.0487 -0.052 α-stable skewed T copula -0.026 -0.0406 -0.0287 -0.028 

stdCTS T copula  -0.0412 -0.0412 -0.0472 -0.0452 stdCTS T copula  -0.0301 -0.0343 -0.0299 -0.0223 

stdCTS skewed T copula  -0,0455 -0,0436 -0,0466 -0,0435 stdCTS skewed T copula  -0.0297 -0.0382 -0.0282 -0.019 

 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical -0.0054 -0.1091 -0.057 -0.0186 Historical -0.1756 -0.0037 -0.029 0.022 

Normal -0.0011 -0.0073 -0.052 -0.0417 Normal -0.0523 0.0139 0.0088 0.0198 

α-stable T copula   0.0137 -0.061 -0.063 -0.0738 α-stable T copula -0.0663 0.0116 -0.0018 -0.0047 

α-stable skewed Tcopula -0.0030 -0.0546 -0.098 -0.0738 α-stable skewed T copula -0.0472 0.0027 0.0146 0.0323 

stdCTS T copula  0.0113 -0.0521 -0.061 -0.0519 stdCTS T copula  -0.0647 0.0295 0.0279 0.0281 

stdCTS skewed T copula  0.0146 -0.0597 -0.045 -0.047 stdCTS skewed T copula  -0.0707 0.0112 -0.0122 0.0041 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical 0.0073 0.0152 0.0186 0.0182 Historical 0.0155 0.0071 0.024 6.28E-04 

Normal 0.0182 0.0175 0.0201 0.0179 Normal 0.0174 0.0147 0.0152 0.0116 

α-stable T copula   0.0165 0.0161 0.0191 0.0198 α-stable T copula 0.0118 0.0146 0.0247 0.006 

α-stable skewed Tcopula 0.0191 0.0159 0.0194 0.0174 α-stable skewed T copula 0.0186 0.0039 0.0217 0.0145 

stdCTS T copula  0.0169 0.0195 0.0158 0.0144 stdCTS T copula  0.0109 0.0135 0.0193 0.0198 

stdCTS skewed T copula  0.0186 0.0206 0.0155 0.0154 stdCTS skewed T copula  0.0155 0.0178 0.0146 0.0142 
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Table 6: STARR ratios results for the second year of observations of the Islamic and 

the non-Islamic portfolios. 

Table 7: STARR ratios results for the third year of observations of the Islamic and 

the non-Islamic portfolios. 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical -0.0013 -0.0116 -0.0118 -0.0113 Historical -0.0154 -0.001 -0.0069 0.0063 

Normal -2.8E-4 -0.0013 -0.0102 -0.0083 Normal -0.0082 0.0037 0.0021 0.0052 

α-stable T copula   0.0034 -0.0111 -0.0135 -0.0124 α-stable T copula -0.0117 0.0032 -4.4E-04 -0.0013 

α-stable skewed Tcopula -8.3E-4 -0.0091 -0.0211 -0.0158 α-stable skewed T copula -0.0087 7.75E-4 0.0038 0.0088 

stdCTS T copula  0.0030 -0.0101 -0.0119 -0.0099 stdCTS T copula  -0.0105 0.0072 0.0066 0.0077 

stdCTS skew T copula  0,0036 -0.0112 -0.0098 -0.0079 stdCTS skew T copula  -0.0125 0.0029 -0.0033 0.0011 

 

Table 8: STARR ratios results for the fourth year of observations of the Islamic and 

the non-Islamic portfolios. 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical 0.5544 0.6554 0.767 0.6487 Historical 0.6648 0.6077 0.7529 0.6351 

Normal 0.6391   0.6448        0.6288       0.6269 Normal 0.6731 0.6703 0.7384 0.6764 

α-stable T copula   0.6769 0.6206 0.6987 0.6223 α-stable T copula 0.6738 0.6162 0.7649 0.6693 

α-stable skewed Tcopula 0.6624 0.6311 0.6461 0.6211 α-stable skewed T copula 0.6808 0.7368 0.6689 0.5915 

stdCTS T copula  0.6545 0.6378 0.6383 0.6051 stdCTS T copula  0.6614 0.6721 0.7824 0.6463 

stdCTS skew T copula  0.6782 0.6474 0.5649 0.6083 stdCTS skew T copula  0.6663 0.7363 0.8113 0.6521 

 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical 0.0035 -0.0183 -0.0124 -0.0099 Historical -0.0176 0.0158 0.0116 0.0239 

Normal -0.0169 -0.0053 0.0063 -0.0038 Normal 0.0117 0.0176 0.0189 0.0289 

α-stable T copula   -0.0165 -0.0088 -6.6E-04 -0.0038 α-stable T copula 0.0166 0.003 0.0228 0.0256 

α-stable skewed Tcopula -0,0132 0,008 0,0018 0,0021 α-stable skewed T copula 0.0212 0.0331 0.0203 0.0237 

stdCTS T copula  -0,0135 -0,0103 -8,0E-04 -0,0056 stdCTS T copula  0.015 0.0154 0.0235 0.0467 

stdCTS skewed T copula  -0,0152 -0,0036 -0,003 -0,0063 stdCTS skewed T copula  0.0239 0.01 0.0252 0.0214 
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Table 9: Rachev Ratios results for the first year of observations of the Islamic and 

the non-Islamic portfolios. 

Table 10: Rachev Ratios results for the second year of observations of the Islamic 

and the non-Islamic portfolios. 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical 0.7759 0.8611 0.8965 0.8424 Historical 0.8652 0.9496 0.8858 0.7742 

Normal 0.8274 0.8695 0.8276 0.9512 Normal 0.82 0.8973 0.7892 0.8897 

α-stable T copula   0.9146 0.8281 0.8782 0.9001 α-stable T copula 0.8953 0.9496 0.9116 0.9032 

α-stable skewed Tcopula 0.88 0.818 0.9216 0.9001 α-stable skewed T copula 0.854 0.8787 0.7685 0.8685 

stdCTS T copula  0.8551 0.8744 0.8879 0.9131 stdCTS T copula  0.8208 0.85 0.7794 1.092 

stdCTS skew T copula  0.8841 0.8789 0.8958 0.8884 stdCTS skew T copula  0.9551 0.8515 0.9237 0.8767 

 Table 11: Rachev Ratios results for the third year of observations of the Islamic and 

the non-Islamic portfolios. 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical 0.6456 0.6299 0.05988 0.6754 Historical 0.6837 0.6986 0.5687 0.7424 

Normal 0.7141 0.6408 0.6317 0.6607 Normal 0.6586 0.6574 0.5955 0.6305 

α-stable T copula   0.7064 0.6528 0.6491 0.6415 α-stable T copula 0.6868 0.7384 0.6125 0.6486 

α-stable skewed Tcopula 0.7205 0.6361 0.7222 0.6895 α-stable skewed T copula 0.6733 0.6525 0.6673 0.6395 

stdCTS T copula  0.7236 0.6593 0.6204 0.6439 stdCTS T copula  0.6674 0.6597 0.6253 0.6725 

stdCTS skew T copula  0.7125 0.6615 0.7211 0.6337 stdCTS skew T copula  0.6552 0.6578 0.645 0.6477 

Table 12: Rachev Ratios results for the fourth year of observations of the Islamic and 

the non-Islamic portfolios. 

Islamic portfolios         Non-Islamic portfolios         

Portfolio model MV CVaR99% SR STARR Portfolio model MV CVaR99% SR STARR 

Historical 0.7327 0.7436 0.5711 0.6544 Historical 0.7453 0.6848 0.7042 0.8583 

Normal 0.8021 0.672 0.7297 0.5762 Normal 0.7717 0.8203 0.8028 0.6589 

α-stable T copula   0.7588 0.7445 0.7287 0.4867 α-stable T copula 0.7346 0.8837 0.7876 0.7553 

α-stable skewed Tcopula 0.7109 0.5649 0.7104 0.6061 α-stable skewed T copula 0.6789 0.8971 0.6565 0.8063 

stdCTS T copula  0.6684 0.5603 0.7592 0.6729 stdCTS T copula  0.7941 0.8241 0.6633 0.7354 

stdCTS skew T copula  0.8107 0.6682 0.7931 0.635 stdCTS skew T copula  0.7392 0.7879 0.7714 0.6538 


